Motivation: In recent years we have witnessed an increase in novel RNA-seq based techniques for transcriptomics analysis. Spatial transcriptomics is a novel RNA-seq based technique that allows spatial mapping of transcripts in tissue sections. The spatial resolution adds an extra level of complexity, which requires the development of new tools and algorithms for efficient and accurate data processing. Results: Here we present a pipeline to automatically and efficiently process RNA-seq data obtained from spatial transcriptomics experiments to generate datasets for downstream analysis.
Introduction
Traditional RNA-sequencing based analysis of bulk tissue is limited by its generation of an average picture of gene expression (Wang et al., 2009) . As a consequence single cell transcriptomics has gained popularity in recent years where the heterogeneity of the individual cells making up the tissue can be studied (Wills et al., 2013) . Analysis of single cells can give a more detailed view of diversity and complexity in a sample, however is in itself limited by the lack of spatial resolution of the data across the tissue (Saliba et al., 2014) . To benefit fully from the information obtained, the position of the transcripts in the tissue should ideally be known (Crosetto et al., 2015) . A new technology, spatial transcriptomics (Ståhl et al., 2016) , enables the study of the transcriptome in morphologically intact tissue sections and with maintained spatial resolution. Spatial transcriptomics uses spatially barcoded cDNA primers arrayed on a microscopic glass surface to capture gene expression data at different spatial locations in the tissue section, all in the same reaction. The obtained sequencing data is unique since every sample contains several spatial barcodes each coupled to tens of thousands of unique molecular identifiers (UMIs) (Islam et al., 2014) . This has required the development of new tools and algorithms to process and de-multiplex the data, so that the resulting spatially resolved gene expression data can be located back to its origin in the tissue to generate what we call a spatial transcriptomics dataset. Here we present an open source tool, the spatial transcriptomics (ST) Pipeline, which allows efficient and automated generation of spatial transcriptomics datasets.
Materials and methods
Unprocessed spatial transcriptomics data is composed of a highresolution tissue image and paired-end sequencing data (Ståhl et al., 2016) , the latter containing both gene expression information and the spatial information that allows the projection of the gene expression onto the tissue image. The ST pipeline uses the transcript information present in the reverse reads (R2) and the spatial information present in the forward reads (R1) together with the UMIs to Applications Note generate a matrix of counts where the genes are represented as columns and the spatial barcodes are represented as rows, and each matrix cell then represents the expression level of a given gene in a given spot. The expression level is computed as the sum of the unique UMIs that are mapped and annotated to a specific gene locus in a given spatial position ( Supplementary Fig. S3 ). The ST Pipeline uses a command line based interface and allows the user to efficiently and automatically perform all the necessary steps needed to obtain the referred matrix of counts.
Main workflow
The workflow of the ST pipeline ( Fig. 1) begins with a qualityfiltering step. Here, homo-polymer stretches (15bp long in the default settings) are removed from R2 ( Supplementary Fig. S1 ).
Read pairs with a low quality UMI in R1 or with a high AT or GC content in R2 (above 90% in the default settings) are discarded. Finally, a sliding window approach similar to the one used in BWA (Heng, 2009) is performed to remove low quality bases at the 3 0 end of R2 (Phred score 20 in the default settings). If the length of R2 after the quality trimming is below 30bp (default settings) the read pair is discarded. The quality-filtering step is followed by a genome alignment of R2 with STAR (Dobin et al., 2012) to the reference genome of interest. The ST Pipeline also allows the user to optionally remove contaminant reads by using STAR to align R2 to a contaminant genome (generally non-coding RNA sequences) and keep the non-aligned reads for the genome alignment step.
In parallel with the genome alignment step, a spatial demultiplexing step is performed using R1. Here, the spatial barcode of each read is matched against the spatial barcodes contained in the surface probes (used to capture the RNA from the tissue sample). This provides the spatial location of the cDNA that originated each R1 and R2 read pair. To perform the barcode demultiplexing, we developed a Python tool (https://github.com/SpatialTranscriptomicsResearch/taggd) that uses a k-mer based approach described in (Costea et al., 2013) .
After mapping and de-multiplexing, read pairs whose spatial barcode in R1 could not be matched are discarded. For the remaining pairs, the spatial barcode and the UMI from R1 are added to R2 as extra SAM tags .
The resulting R2 reads are annotated using a customized version of HTSeq-count (Anders et al., 2014) to assign a gene locus to each read. Reads that failed to annotate are discarded. The successfully annotated reads are then processed to remove duplicates generated during the amplification in the library preparation. This is achieved by clustering together all the UMIs by spatial barcode, gene locus (exact genome coordinate with a minimum window offset of 150 bp in the default settings) and the strand. This allows accounting for alternative termination sites (Gautheret et al., 1998) taking into consideration possible artifacts generated during amplification. The UMIs are clustered using the Hamming distance (1 mismatch default settings) and each cluster is counted as one unique molecule (Supplementary Fig. S3 ). Finally, all the unique molecules are grouped by spatial barcode and gene locus to generate a matrix with counts which can then be used for down-stream analysis ( Supplementary Fig. S4 ).
Implementation
The ST Pipeline has been developed with Python 2.7 following a clean, modular and robust design in concordance with best practice coding standards. Instructions on how to install and run the ST Pipeline are present in the public Github repository as well as example datasets. A detailed manual, which describes the workflow and the different parameters, is also provided in the Github page. The ST Pipeline is highly customizable with numerous parameter settings, and all the options are explained in the integrated help section. It has been designed to run as a command line based program with a user-friendly interface, which allows nonexperts users to get quickly familiarized. The ST Pipeline has been optimized for memory use and running time (Supplementary Table  1 ). It allows keeping of discarded and intermediary files during the processing and it also generates statistics and detailed information of every step, which helps to determine the quality of the dataset (Supplementary Fig. 2 ).
An alternative way to generate a spatial transcriptomics dataset would be to split the unprocessed data into several files, process them separately and finally merge them to generate the matrix of unique counts. We believe the approach presented here is more robust, efficient and scales better to arrays with higher density.
Conclusions
In the recent years we have witnessed an increase in the number of technologies that are able to generate high throughput biological data. More often than not, the data needs to be processed, reduced and converted to an appropriate format, and this process typically requires several steps. For that reason it is important to build robust, documented, efficient and user-friendly tools that eventually allow a wide range of users to perform the data processing. The ST pipeline is a novel tool that enables demultiplexing of spatially-resolved RNA-seq data and robust quality filtering and identification of unique molecules. Although, the ST Pipeline was designed to process spatial transcriptomics datasets, it can be used to process single cell RNA-Seq data (Vickovic et al., 2016) as long as the cells are barcoded and assigned a positional coordinate (Suppl. Page 1). 
